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Summary
Objectives: To use national, pre- and post-pandemic elec-
tronic health records (EHR) to develop and validate a
scenario-based model incorporating baseline mortality
risk, infection rate (IR) and relative risk (RR) of death for
prediction of excess deaths.
Design: An EHR-based, retrospective cohort study.
Setting: Linked EHR in Clinical Practice Research Datalink
(CPRD); and linked EHR and COVID-19 data in England
provided in NHS Digital Trusted Research Environment
(TRE).
Participants: In the development (CPRD) and validation
(TRE) cohorts, we included 3.8 million and 35.1 million
individuals aged �30 years, respectively.
Main outcome measures: One-year all-cause excess
deaths related to COVID-19 from March 2020 to March
2021.
Results: From 1 March 2020 to 1 March 2021, there were
127,020 observed excess deaths. Observed RR was 4.34%
(95% CI, 4.31–4.38) and IR was 6.27% (95% CI, 6.26–6.28).
In the validation cohort, predicted one-year excess deaths
were 100,338 compared with the observed 127,020 deaths
with a ratio of predicted to observed excess deaths of 0.79.
Conclusions: We show that a simple, parsimonious model
incorporating baseline mortality risk, one-year IR and RR of
the pandemic can be used for scenario-based prediction of
excess deaths in the early stages of a pandemic. Our

analyses show that EHR could inform pandemic planning
and surveillance, despite limited use in emergency pre-
paredness to date. Although infection dynamics are impor-
tant in the prediction of mortality, future models should
take greater account of underlying conditions.
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Introduction
Mortality estimates of COVID-19 have been widely
reported and followed at local, regional, national and
international levels since early in the pandemic,
influencing policy and health service planning.
Electronic health record (EHR) data informed early
identification of risk factors for COVID-19 severity
and mortality, leading to UK lockdown and shield-
ing policies.1–3 Moreover, EHR linkage enabled both
specialist registry data and pragmatic clinical trials of
new treatments at scale.4,5
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All-cause and disease-specific mortality prediction
in research and clinical practice has included under-
lying conditions or ‘baseline mortality risk’, often
derived and validated using EHR.6–8 Underlying non-
communicable diseases (NCDs) are important mortal-
ity predictors in infectious diseases,9,10 but baseline
mortality risk based on NCDs is largely neglected in
pandemic preparedness, which emphasises infection
transmissibility and severity, using metrics such as
case fatality ratio, infection fatality ratio and repro-
duction number.11–14 Although COVID-19 is increas-
ingly viewed as a ‘syndemic’15 (with interaction
between infectious diseases and NCDs, requiring
cross-speciality expertise), efforts to predict excess
mortality have focused on dynamic transmission
modelling without consideration of baseline risk or
use of anonymised, individual-level, population-scale
EHR.16,17

On 22 March 2020, before the first UK lockdown,
we released a preprint (published on 12 May 2020),1

estimating one-year COVID-19 mortality using a
model developed in pre-pandemic population-based
linked EHRs from 3.8 million people in the UK (via
Clinical Practice Research Datalink [CPRD]). Our
EHR-derived model included baseline one-year mor-
tality risk for a range of underlying conditions, incor-
porating scenario-based assumptions regarding
relative risk (RR) of mortality during the pandemic
compared to baseline, and population infection rate
(IR). Validation of the model is required to establish
the actual RR and IR, to update scenario-based
assumptions and to assess the accuracy of model
predictions.

The NHS Digital Trusted Research Environment
(TRE) for England, which became available during
2020, offers the opportunity to validate our approach
at whole population level, with longitudinal,
individual-level data.18,19 Therefore, using these
data, we: (1) ascertained the observed IR of
COVID-19 and RR of one-year COVID-19 mortali-
ty; and (2) compared the predicted versus observed
COVID-19 mortality for conceptual validation of
our EHR-derived model.

Methods

Data sources

Conceptual model development. We used a pre-
pandemic linked CPRD dataset, including EHR,
across primary care, hospital data and death registry
with follow-up from 1997 to 2017.1

Model validation. The NHS Digital TRE for England
provides secure, remote access to linked, individual-

level EHR data,18,19 including primary care, hospital

episodes, registered deaths, dispensed medicines,

COVID-19 laboratory tests and vaccinations. We

used General Practice Extraction Service Data for

Pandemic Planning and Research, Hospital Episode

Statistics Admitted Patient Care, Second Generation

Surveillance System, COVID-19 Hospitalisation in

England Surveillance System, Civil Registry Deaths,

NHS Business Services Authority dispensed medicines

and COVID-19 vaccine datasets, prior to 15 May

2021.19

Cohort specifications

Both model development and validation involved

population-based, retrospective cohort analyses

with a range of high-risk conditions as exposures

and one-year all-cause mortality as outcome. In the

validation study, a further exposure was SARS-

CoV-2 infection. In the development study, eligible

individuals were aged �30 years, registered with a

GP between 1 January 1997 and 1 January 2017

(Figure S1.A), with �1 year of follow-up.
In the validation study, eligible individuals were

aged �30 years on 1 March 2018. COVID-19-

related high-risk conditions were from Public

Health England guidance.20 We considered all-

cause mortality after COVID-19 as the direct pan-

demic effect. Deaths in those without COVID-19

include baseline mortality and deaths attributable

to indirect pandemic effects. To evaluate direct

COVID-19 effects on one-year all-cause mortality,

we specified two time periods (Figure S1.B and

S1.C). The pre-pandemic period (1 March 2018–1

March 2019) was used for baseline characteristics

and outcome (mortality) in the non-exposed (non-

COVID-19) group. The pandemic period (1 March

2020–1 March 2021) was used to study COVID-19

cases and deaths in the exposed group (i.e. COVID-19

with or without high-risk conditions). Underlying con-

ditions were assessed on 1 March 2018 in the validation

study, minimising the effect of age difference between

pre-pandemic and pandemic periods (Figure S2).

Exposures and outcomes of interest

Exposures were presence (versus absence) of high-

risk conditions for COVID-1920 including cardiovas-

cular disease (CVD), chronic kidney disease (CKD),

diabetes, chronic obstructive pulmonary disease

(COPD), body mass index (BMI) over 40 kg/m2,

chronic liver disease, age >70 years and history of

oral steroid therapy. For all conditions, except ste-

roid therapy, the minimum period between earliest

diagnosis date and baseline date (1 March 2018)
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was one year. For steroid therapy, event date was
based on first dispensing date between 1 March
2018 and 1 March 2019, since prescription/dispensed
medication data were only available since April 2018.
Outcome was one-year all-cause mortality.

To define underlying conditions, we used extended
CALIBER phenotyping algorithms.21 Phenotypes
with earliest diagnosis dates between 1 March 2017
and 1 March 2018 were excluded, to allow �1 year
history of conditions prior to cohort entry. The CVD
phenotype was a composite, including heart failure,
stroke (non-specified, ischaemic, haemorrhagic, tran-
sient ischaemic attack, subarachnoid haemorrhagic),
arrhythmias, acute myocardial infarction, cardiomy-
opathy, atrial fibrillation, deep vein thrombosis, iso-
lated calf vein thrombosis and pulmonary embolism.
The dispensed oral corticosteroid phenotype was
determined based on the CALIBER phenotype
mapped to British National Formulary codes.22 To
define COVID-19 cases, we used positive swab test-
ing results and Public Health England labs and NHS
hospitals, community swab testing results, primary
care and hospital episode data, vaccination and
death registration.23

Model development and validation

Our prediction model in the development study was a
conceptual model based on baseline mortality, RR of
death in those exposed to COVID-19 versus those
not exposed to COVID-19 (pre-pandemic) and IR
of COVID-19

COVID-19-related all-cause excess death count

Baseline death count
¼ IR RR� 1ð Þ

In the development study, we calculated scenario-
based COVID-19 excess deaths using baseline mor-
tality by high-risk underlying conditions and
plausible RR/IR (0.001%, 1%, 10% and 80% for
total, partial, moderate and no suppression, respec-
tively).2 For each IR scenario, we applied RRs (1.2,
1.5 and 3), and scaled up to mid-2018 population of
England aged �30 using estimates of the Office for
National Statistics.24

Full validation was beyond scope and not possible
in the rapidly changing timelines of the pandemic.
Validation in our study involved use of observed
IR and RR values (TRE for England; Figure S1.B)
in the conceptual model to predict COVID-19 deaths
in the development and validation cohorts. This con-
stituted ‘model verification’ (‘determining that the
model’s inputs and outputs are consistent with
actual data and accepted theories’) and ‘conceptual

model validation’ (‘determining that the theories and
assumptions underlying the conceptual model are
correct and the model representation of the problem
entity and the model’s structure, logic and mathemat-
ical and causal relationships are reasonable for the
intended purpose of the model’).25 In order to cap-
ture direct COVID-19 mortality effects, we selected
unexposed and exposed groups in pre-pandemic and
pandemic periods, respectively. We estimated base-
line one-year mortality in the pre-pandemic period
(Figure S1.B) by Kaplan–Meier survival analysis.
We calculated baseline and COVID-19 mortality
risk (using RR) in pre-pandemic and pandemic
periods, respectively, by high-risk conditions. To cal-
culate IR in each sub-sample, we divided the
COVID-19 population by those at risk at the start
of the period. The final IR was the average of IRs of
two sub-samples (refer to Supplementary materials).

Results
In the validation cohort, we included 35,098,810 indi-
viduals aged �30 years at baseline (Figure S2). Of all
individuals aged �30 years on 1 March 2018, 18,361,
665 (52.3%) were female; mean age was 55.0[SD
16.2] in both sexes; 28,049,984 (79.9%) were aged
�70 (mean age 48.7 [SD 11.6] years in females and
49.1 [SD 11.5] years in males) and 7,048,826(20.1%)
were >70 (mean 79.7 [SD 6.8] years in females and
78.5 [SD 6.1] years in males). Prevalence for CVD,
diabetes, CKD, COPD, BMI> 40kg/m2, chronic
liver disease and steroid therapy was 5.56% and
2.76%, 4.59% and 3.75%, 2.03% and 2.84%, 1.83%
and 1.81%, 1.41% and 2.07%, 0.15% and 0.10%, and
3.52% and 5.07% in males and females, respectively.
Prevalence of 0, 1, 2 and �3 underlying conditions
was 35.57% and 39.95%, 8.15% and 8.48%, 8.82%
and 2.79%, and 1.13% and 1.09% in males and
females, respectively. Prevalence of all underlying con-
ditions was higher in individuals >70 years and males
(Figure 1, Table 1).

One-year mortality

Among individuals with at least one high-risk condi-
tion, estimated pre-pandemic one-year mortality risk
was observed to be 3.55% (3.54–3.57). One-year
mortality risk in individuals aged >70 years was
9.24% (9.17–9.31), 3.37% (3.34–3.40), 8.36% (8.32–
8.40) and 6.38% (6.34–6.42) for COPD, CKD, CVD
and diabetes, respectively. In individuals aged >70
years, one-year mortality risks in men were 9.45%
(9.35–9.55), 3.91% (3.85–3.96), 7.92% (7.98–9.20),
6.48% (6.42–6.54) for COPD, CKD, CVD and dia-
betes, respectively; and in women, 9.02% (8.92–9.11),
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3.00% (2.96–3.04), 8.84% (8.78–9.11) and 6.27%

(6.21–6.33), respectively.

Validation and replication of the conceptual model

In March 2020, we predicted 73,498 one-year

COVID-19-related deaths for the population of

England, by scaling from the development cohort

(3,862,012 aged �30 years) to the mid-2018 popula-

tion of England and assuming a scenario of

IR¼ 10% and RR¼ 3.2 In the validation study,

from March 2020 until March 2021, we ascertained

127,020 COVID-19-related all-cause deaths. We esti-

mated pre-pandemic one-year mortality risk by age

group, sex and number of high-risk conditions in the

absence of COVID-19.
We calculated cross-validated one-year (March

2020–2021) RR and IR of COVID-19 as 4.34%

(95% CI, 4.31–4.38) and 6.27% (95% CI, 6.26–

6.28), respectively. Tables S1 and S2 show the

cross-validated IR and RR, respectively, across two

random subsamples of the cohort shown in Figure

S1. Table S3 shows the sensitivity analysis for under-

fitting and further cross-validation. We found that

the effect of vaccination on overall RR or IR between

December 2020 and March 2021 was negligible com-

pared to effects of under-reported COVID-19 cases

pre-vaccination (Table S4). We applied our predic-

tion model using observed RR (4.34) and IR (6.27)

and baseline mortality risk data in the validation

cohort (Tables S5 and S6).
Figures 3 and S4 show the predicted one-year

COVID-19-related all-cause deaths, based on base-

line mortality risk (March 2018–2019 for validation

cohort), RR¼ 4.34, and IR¼ 6.27% compared to

observed excess deaths (March 2020–2021). The

observed and model-predicted COVID-19 deaths

were 127,020 and 100,338 (79.0% of observed),

respectively (Tables 2, Figure 3).

Discussion
In anonymised, individual-level, population-scale,

national EHR data between March 2020 and

March 2021, we conducted the first study to predict

and validate one-year mortality among those with

COVID-19 using baseline (pre-pandemic) mortality

risk. We provide the first detailed, scenario-based

Figure 1. Prevalence of high-risk conditions for COVID-19 mortality in validation cohort (n¼ 35,098,810) cohort aged �30
years.
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mortality risk assessment before and during the pan-
demic, based on absolute risk estimates in national
population data. We show that a simple, parsimoni-
ous model incorporating baseline risk of mortality,
IR and RR of the pandemic can be used to predict
one-year COVID-19 mortality.

Strengths and weaknesses

Our analysis uses anonymised, national, individual-
level EHR data with unprecedented scale and whole
population inclusivity and validated EHR pheno-
types. It highlights the importance of EHR data,
baseline mortality and scenario-based assumptions
in risk assessment at early stages of a pandemic
where dynamics of the new infectious disease are
not yet known.

Our analysis used only the most frequent high-risk
conditions. Our simple model made assumptions
regarding static RR and IR over the course of the
pandemic and did not incorporate infectivity or pop-
ulation dynamics of the original or later strains of
SARS-CoV-2, the impact of COVID-19-related pol-
icies or vaccination rates. Generalisability of our
findings to other countries and contexts requires fur-
ther validation. Our study only investigated COVID-
19, and applicability to other infectious diseases or
pandemics is unknown. There are differences
between development and validation cohorts in
terms of data coding systems (e.g. lack of standar-
dised one-to-one mapping between coding terminol-
ogies), and limited availability of fields in CPRD (e.g.
ethnicity) and in the TRE for England (e.g. medica-
tion use before 2018 and multiple index of depriva-
tion), which restricted analyses. Overall, national

mortality estimates in people with COVID-19 were
similar in development and validation cohorts, with
differences in mortality risk at baseline in stratified
analyses. For example, mortality risk was similar for
younger people in both cohorts, but mortality risk
was relatively higher in the development cohort for
individuals aged >70 years due to the earlier cohort
entry date in the CPRD study population.1 Also, the
number of estimated deaths was lower in the devel-
opment cohort in all age categories, perhaps because
the one-year mortality in CPRD data were calculated
after study entry date, when these individuals were
younger (mean age 43.5 [SD 11.7] years), compared
to the validation cohort in March 2018–2019 (mean
age 55.0 [SD 16.2] years). Another explanation is that
the actual IR over one year is higher than our
observed rate (and probably greater than the 10%
we used in prediction), due to incomplete availability
of COVID-19 testing, especially during the early
months of the pandemic.

Comparison with other studies

We searched for systematic reviews published after
March 2020 in PubMed using combinations of equiv-
alent Mesh terms: ‘COVID’, ‘prediction’, ‘mortality’,
‘model’, ‘underlying condition’, ‘relative risk’ and
‘infection rate’. A systematic review of 107 multivar-
iate prediction models for COVID-19 mortality
showed that variables were selected from signs,
symptoms and risk factors from COVID-19 patients
during the pandemic.26 All models had unclear or
high risk of bias, including non-representative data
sources, unreliable COVID-19 case definition,
excluding patients who had not experienced

Figure 2. Baseline one-year mortality in England (age �30 years) according to underlying conditions in the validation cohort
(n¼ 35,098,810).

Mizani et al. 15



outcomes of interest, and model overfitting. We
found no studies of excess mortality prediction
based on pre-pandemic mortality in people with
high-risk underlying conditions and RR and IR asso-
ciated with COVID-19. In our study, all patients,
regardless of outcome of interest, were included in
analyses. Moreover, we conducted model cross-
validation to minimise overfitting (Table S3).

We used EHR data of the whole population in
England to validate our model for predicting one-
year excess mortality in people exposed to
COVID-19. The data used in our study are derived
from anonymised, individual-level and linked EHRs
of the whole population in England, making our
model highly representative. We have used
validated phenotype definitions for high-risk under-
lying conditions and COVID-19 cases. Our study
highlights the significance of pre-pandemic longitudi-
nal EHR data to predict the direct effects of the pan-
demic for preparedness and early response.

Our model is a simple, conceptual model for for-
mulating worst-case to best-case scenarios at the start
of the pandemic. We developed the model in CPRD
data with assumed parameters and replicated the
model in NHS Digital TRE using observed RR and
IR values. Hence, our model is more suitable for risk
assessment for pandemic preparedness and early
response rather than high-precision estimation of
the mortality.

Meaning of the study: possible mechanisms and
implications

Pre-pandemic mortality risks. Baseline mortality risk can
be used to predict COVID-19-related mortality over
one year at the national level, and underlying condi-
tions and age are major determining factors of the
risk. We show that national data EHRs, such as the
NHS Digital TRE, and sampled less complete data,
such as CPRD, can be used to estimate and monitor
baseline risk at scale. Such data are available across
diseases, risk factors and countries via the Global
Burden of Disease Study and other efforts, and
have already been used to project high-risk popula-
tions for COVID-19.27 There is public demand for
such information, which can be provided in an inter-
pretable, usable format employing open phenotypes,
coding and standards.18–21,28

Infection rate over one year. Surveillance of SARS-
CoV-2 IRs has been crucial across countries through-
out the pandemic by different methods, including
incident or prevalent cases, over weeks or months,
by antigen or antibody tests, or by static or dynamic
rates. Our model used population IR over one year,

Figure 3. Baseline deaths, model-predicted COVID-19-
related all-cause deaths and observed deaths among those
with COVID-19 in England (age �30 years) over one year,
stratified by age and sex in the validation cohort
(n¼ 35,098,810). (a) Baseline one-year mortality. (b) Total
(and model-predicted COVID-19) one-year mortality
based on RR¼ 4.34%, IR¼ 6.27%. (c) Total (and observed
COVID-19) one-year mortality.
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which we estimated using comprehensive testing, pri-
mary care, hospital data and death data in the NHS
Digital TRE in a mostly pre-vaccination era. Our
estimates of IR represent nearly the whole English
population, consistent with pre-vaccination antibody
rates in the UK29 and a recent study using the same
data.23 However, under-estimation is still possible
and, moreover, likely, due to initially limited testing
capacity and asymptomatic infection. Future
research and models should incorporate higher vac-
cination rates, novel variants, potential impact of
reinfection and dynamic IRs over time.

Relative risk associated with the pandemic. Excess mor-
tality associated with COVID-19 has been a focus in
health policy since the early stages of the pandemic.
Comparisons with flu persist until now, including
‘winter excess deaths’, which have been estimated as
20% higher than the baseline mortality rate.1 In our
model, we used RR estimates of 1.5, 2 and 3, and in
the national data, we observed 4.34 in the overall
population. Assuming an under-estimation of IR,
we may have over-estimated RR, but our estimates
are in line with a recent time-series analysis of excess
mortality in the first pandemic wave in the UK. That
study showed that certain underlying conditions were
associated with higher RR of excess pandemic mor-
tality, compared with the pre-pandemic period.30

Implications for public health and policy makers

There are three public health and policy implications.
First, EHRs were designed and used for reimburse-
ment, clinical care and quality improvement, with
limited use in emergency preparedness. Our analyses
show that EHRs could and should be part of
pandemic planning and surveillance. Second, pre-
pandemic mortality risk can be estimated at individ-
ual, subgroup and national levels, and is important in
pandemic mortality prediction as well as prepared-
ness including shielding and vaccination prioritisa-
tion. Third, our data support the syndemic lens,
which views COVID-19 not just as an infectious dis-
ease, but one with social, environmental and NCD
determinants and effects, signalling the need for mul-
tidisciplinary public health and policy approaches in
pandemics.

Research implications. First, there are more than 80
diseases, risk factors and underlying conditions des-
ignated as moderate and high risk for COVID-19 by
the UK government.20 We will validate COVID-19
mortality estimates for the comprehensive list, pro-
viding condition-specific IR and RR estimates, strat-
ified by ethnicity, deprivation and vaccination, with

future application for models in COVID-19 and
other pandemics. Second, the policy need for
region- and country-specific data is well recognised,
and our UK-based analyses may not be generalisable
to other countries and datasets. Third, we only con-
sidered direct pandemic impact on mortality, not
indirect and long-term (Long COVID) impact,
which need to be studied and incorporated into
future pandemic impact models. Fourth, baseline
mortality risk estimation (using models such as
ours) could be combined with existing methods of
dynamic transmission modelling to predict and miti-
gate future pandemics.

Conclusions
The impact of the COVID-19 pandemic on excess
mortality can be predicted using national EHRs and
is related to baseline mortality risk, population IRs
and pandemic-associated RR. In public health, policy
and research, there are implications for expertise,
data and resources in future pandemic preparedness.
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